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ABSTRACT

The paper presents a morphological learning process sim-
ulated by an ICA (Independent Component Analysis) al-
gorithm. In an unsupervised manner, the algorithm is able
to discover emergent morphologically-motivated features
from a representative corpus of Italian verbs. The dis-
covered features can be assumed as non-discrete and dis-
tributed representations of the morphological data. Fi-
nal results also reflect a desirable configuration of an as-
sociative network, in which different verbal forms share
features or categories corresponding to grammatical and
paradigmatic attributes. Without reference to the linguis-
tic notion of ‘morpheme’, our system provides a func-
tional model that explains some peculiar aspects of the
organization of the mental lexicon.

1. INTRODUCTION

Recently in the field of word processing, the nature of the
morphological representation of the speaker’s mental lex-
icon has been a much debated question. Controversies
about the role and nature of the morphological informa-
tion stored in the lexical system, are still open.

Associative models of morphological processes have
been developed to explain the relation of form and mean-
ing within interconnected forms [1]. In this framework,
words are fully stored in the speaker’s lexicon, including
complex words and irregular inflected forms [2]. Accord-
ing to these models, the frequency of words sets the as-
sociative strength for all the sets of forms in lexical stor-
age, thereby guaranteeing processes for both the produc-
tivity and retrieval of morphological data [3]. Thus all
of the morphologically defined structures are the outcome
of a processing of a single full-form that is connected to
other words on the basis of their orthographic and seman-
tic properties. Some other studies, instead, have shown the
coexistence of the associative model with morphological
structures decomposed (as affixes and stems) to process
the words [4]. This approach, in its versions [5], claims
that full-form representations must be combined with the
morpheme-based decompositions to guarantee the correct
processing of data, including irregular inflected forms (gen-
erally morpheme-based decomposition is provided for reg-
ular forms, whereas the irregular forms are fully listed in
the speaker’s lexicon. See [5] for an overview). Other
studies outline different properties as important structur-

ing elements of the mental lexicon. Morphosyntactic prop-
erties seem to play a crucial role in experiments of free
recall tasks [6]. In particular, with reference to Italian
verbs, information about conjugation and mood is rele-
vant to the mental organization of the verb system [7].
On the other hand, psycholinguistic and linguistic evi-
dences [8], support the hypothesis that paradigmatic re-
lations exert a polarizing action on the stored forms, thus
defining processes of comparison and opposition within
the paradigmatic dimension. Also, the theoretical notion
of ‘morpheme’ as the minimal part of form and meaning
for compositional processes [9] has to be reconsidered.
Many authors have claimed that morphological processing
is performed via full-form representations [2, 10]. They
also state that it is preferable to deal with morphological
markers by treating them as morphosyntactic attributes,
rather than by treating them as morphemic units [11]. Re-
cent studies, in a probabilistic perspective, suggest that
the morphological structures are inherently graded [12].
In particular the morphological gradience emerges as the
result of the probability distribution of distinct forms (in
full-word representations) combined with analogy-based
processing (as, for example, the paradigmatic analogy [13]).
Rejecting the classical-localist approach of the ‘morphemic
representation’, this view considers the emergence of non-
discrete morphological representations as a consequence
of statistical regularities presented by data during the learn-
ing phases. In this sense, the morphology is guided by
gradient structures modelling the morphology according
to solely principles of the data as the frequency, the sta-
tistical regularities, the paradigmatic analogy, without any
exogenous parameters of supervision.

In this paper we report a simulation of an unsuper-
vised learning of the Italian verb system, using an ICA al-
gorithm, with the purpose of finding non-discreted (mor-
phological) representations guiding the belonging of the
morphological data to well-defined linguistic categories.

2. UNSUPERVISED METHODOLOGIES

Unsupervised learning regards the capability to discover
of structural relevances from data that are initially raw
and not structured. An essential property of unsupervised
learning systems is that no pre-model or external param-
eters are defined a priori: the learner (after training) pro-
poses by itself a suitable model (with its values and pa-



rameters) that explains data which have been previously
learned. Considering morphological learning as an unsu-
pervised learning, presupposes that raw data have under-
lying morphological structures; in other words, it means
that simple data input already contains all the informa-
tion needed to guarantee correct linguistic performances
such as, for example, the morphological segmentation.
Recent unsupervised learning systems [14, 15], that use
only raw text as input, have been implemented to output
morphologically-based segmentation performances. These
approaches develop a morphological grammar which is
based on a set of heuristics. Those are to be found, ac-
cepted and adopted by the system to maximize the de-
scriptive efficiency of all morphemes necessary for the
correct analysis of the words. These systems use primitive
types such as as stems, suffixes and signatures (see [14]
for the definition of signature). Their major problem is
that the above mentioned approaches are too linguistically-
oriented, meaning that they assume some linguistic knowl-
edge on how the data should be processed. The segmen-
tation is considered as a sequential processing, aimed at
locating morphological components in the words. In our
view, instead, no additional information about the means
and methodology for processing is to be supplied to the
system, apart from the data input. The use of Independent
Component Analysis (ICA) aims to provide an unsuper-
vised learning scenario for morphological processing (see
[16] for ). We have applied an ICA algorithm to a repre-
sentative corpus of Italian verb system in order to extract
a number of morphological features later recognized as
linguistic categories.

3. INDEPENDENT COMPONENT ANALYSIS

Independent Component Analysis (ICA) [17] is a statis-
tical and computational technique that is able to find la-
tent factors underlying a set of multivariate observations.
Specifically, ICA carries out feature extraction from a set
of measured data or signals by assuming that observed
data are a linear combination of unknown hidden variables
statistically independent and nongaussian. In an ICA frame-
work a mixed model is:

x = As (1)

where x = (x1, x2, ..., xn)T is the vector of observed
variables, s = (s1, s2, ..., sn)T is a vector of variables
called independent components and A is a mixing matrix.
This equation can be inverted and expressed as follows:

s = Wx (2)

where the weighting matrix W equals the inverted mixing
matrix A. One independent component can be expressed
by the following equation:

si= wT
i x = Σjwijxj . (3)

Here we should note that only the mixed data x are ob-
servable, whereas the source components s and the mixing
matrix A are not. ICA finds A and s by observing solely

x. In other words, ICA determines the decomposition of
(1) in an unsupervised manner.

In the following section we give further details on ICA
methodology.

3.1. ICA: details

The ICA method presupposes some conditions for its per-
formance:

• Statistically independent components. As its name
suggests, ICA needs signal sources to be statisti-
cally independent (independent components). Two
components are independent if any knowledge about
one implies nothing about the other. This assump-
tion, of course, does not affect the observed data x.

• Nongaussian components. Strictly connected to sta-
tistical independence of components condition, ICA
assumes that component have a nongaussian distri-
bution [17]. Therefore maximizing nongaussianity
of wTx in (3) is a guiding point to estimate s1.

• Indeterminable variances of components. Variances
of s cannot be determined. This assumption is a
consequence that both A and s are unknown. Any
scalar multiplier in one of the sources, si, can al-
ways be cancelled by dividing the corresponding
columns of A, ai, by it. In this sense, we fix magni-
tudes of independent components by assuming unit
variance: E{s2

i } = 1. There remains only an am-
biguity of sign: one could multiply a component by
−1 without affecting the model.

• Indeterminable order of components. Since A and
s are unknown, the order of components cannot be
determined. The order of A and s can be exchanged
and it is possible to call any of the independent com-
ponents as the first one.

3.2. ICA and Morphology

The capability to reveal underlying features, together with
unsupervised data processing, makes ICA methodology
a plausible tool for simulating a morphological learning
process. A possible implementation of ICA in morpho-
logical analysis requires to deal with morphological data
as complex structures. In an ICA generative model (Eq.
1), morphologically-defined forms can be considered as
mixed variables x of a (linear) combination of different
components. Each of these components contributes, with
different efficacy, to the final realization of x. One mor-
phological well-formed form (like a verb), in our terms,
has to be intended as an observed variable x, i.e. as the
result of the composition action carried on by the mixing
matrix A and by the independent components s . These
independent components represent ‘primitive ingredients’

1Maximizing nongaussianity of wTx is just what the ICA algorithm,
used in our work, does. For further information on this algoritm, called
FastICA, see http://www.cis.hut.fi/projects/ica/fastica/ [18].



of the datum itself, and can be interpreted as linguistically-
motivated features, or markers, used to specify the gram-
matical and lexical properties of the datum. The focus
of this work is to investigate how it is possible for hid-
den features of linguistic categories to emerge during an
unsupervised learning of morphologically encoded data.
The emergence of linguistic underlying features, extracted
from a morphologically-defined set of data, has to take
into account also frequency effects in the distribution of
input data. Obviously type and token frequency effects
may encourage different representational aspects of mor-
phological data.

We believe that the statistical independence condition,
adopted by ICA, confers this methodology more compu-
tational interest than that obtained by classical methods,
such as Principal Component Analysis (PCA) and Sin-
gular Value Decomposition (SVD) [19] which are based
on the uncorrelatedness of components (for a comparison
see [20]). The independence of the components implies
the uncorrelatedness, while the uncorrelatedness does not
imply the independence of the components. In order to
demonstrate that, we need to define the notion of covari-
ance. We know that the covariance is the measure of how
much two random variables vary together. The covariance
Cov between two real random variables X, Y in a prob-
ability space (Ω,P(Ω), P ), where Ω = {ω1, ω2, . . . ωn},
P(Ω) denotes the subparts of Ω and P is a probability
measure, is defined by

Cov(X, Y ) :=
n∑

i=1

P (ωi)X(ωi)Y (ωi)−

−

(
n∑

i=1

P (ωi)X(ωi)

)(
n∑

i=1

P (ωi)Y (ωi)

)

In a practical instance let us assume Ω={ω1, ω2, ω3}
with uniform probability P (wi) = 1/3, i = 1, 2, 3. In
this space let us define two real random variables X and
Y by

X(ω1) = 1, X(ω2) = 0, X(ω3) = −1,

Y (ω1) = 0, Y (ω2) = 1, Y (ω3) = 0;

then it is easy to prove that, although Cov(X, Y ) = 0
(that means that the two variables are uncorrelated), the
two variable X and Y are not independent, because

X = 0 =⇒ Y = 1,

which means that any information on X provides infor-
mation about Y .

The main success of ICA lies on the assumption that
statistically independent variables can generate mixtures
of signals that represent the observed data. ICA can de-
compose the observed data and recover the original (inde-
pendent) sources.

The following sections describe the decomposition of
Italian verbs, obtained by ICA algorithm according to (Eq.
1), to discover plausible linguistically-motivated features
affecting a mental lexicon representation of morphologi-
cal data. Sensitivity to frequency effects will also be in-
vestigated by means of the ratio between input (type/token)
frequency and number of features extracted. The inflec-
tional richness of Italian conjugation is a good benchmark
to test our hypothesis.

4. THE ITALIAN CONJUGATION

Morphology of Italian verb is characterized by a complex
inflectional paradigm with a consistent number of subsets
to account for irregular and sub-regular verbs [21]. All of
the Italian paradigmatic cells are filled by means of a basic
stems/suffixes concatenation process. Inflection suffixes
encode morphosyntactic information on tense, mood, per-
son, number and conjugation. As reported in descriptive
grammars [22], in the Italian verb system we distinguish
three verbal classes corresponding to the three different
conjugations on the base of the thematic vowel present in
the infinitive form, between the stem and the inflectional
suffix. First conjugation, with the thematic vowel -a, is
the most productive class. With the highest relative dis-
tribution (72.4% of the Italian verb classes [23]) it largely
covers the set of regular verbs. Neologisms and foreign
loan words all fall into it. The second conjugation, with
the thematic vowel -e, includes mostly irregular verbs (its
distribution is 16%) and the third conjugation, defined by
-i as thematic vowel, has a distribution equal to 11.6%
and is composed mostly by regular and partially produc-
tive verbs. Besides the conjugation level, also paradigms
seem to define highly natural inflectional classes. Differ-
ent approaches [21] revalue the paradigmatic dimension
for controlling the stem alternation function. These stud-
ies show, by means of different computational evidence,
that the form of stems is directly determined by the in-
formation that defines each paradigmatic cell. Paradig-
matic information, therefore, forces the entire verb sys-
tem in several micro-classes that appear to be determinant
in morphological learning [10] and may have exerted a
convergent pressure in the history of Italian verb system.
One Italian verb looks like a complex linguistic object,
determined by lexical and morphosyntactic information,
as well as a paradigmatic action forcing verb into sub-
classes.

5. UNSUPERVISED LEARNING BY ICA

As previously said, our goal is to obtain a decomposition
process in (Eq. 1) by using an ICA algorithm, with x as
morphologically encoded Italian verbs. In the following
paragraphs, we provide more details of the model design
and input data used for learning.

5.1. Input data

Our input data are verbs written in standard Italian or-
thography. The verb corpus includes all the simple verbal



forms, about 51, of 30 inflectional paradigms. Accord-
ing to the relative distribution of the Italian verb conjuga-
tion [23] mentioned above, 19 of these belong to the first
conjugation, 6 paradigms are picked up from the second
conjugation and 5 from the third. We consider the sin-
gle verb segments as rows of X. A binary encoding of
30 components (since we define 30 distinct segments in
our Italian morphological inventory) is adopted to assign
an orthogonal vector for each morphological segment2.
In details, every segment in X is, in a binary fashion,
coded together with its left and right morphological con-
text. This methodology allows an individual segment (in
Focus position) to be computed with its complete morpho-
tactic environment (Left/Right context) during the creation
of the matrix X. In other terms, we create a morphologi-
cal context matrix X in which xij marks the ith morpho-
logical segment in the jth morphological context, latter is
arranged in a focus and left/right context sizes (see Figure
1). The number of the columns in the matrix X is defined
by the longest word of the corpus. It is worth noting that
our ‘windowing’ approach ensures a full-form encoding,
without any alignment adjustments or adopting of ad hoc
solutions.
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Figure 1. Morphological encoding for creating the matrix
X. The example shows encoding for volare, ‘to fly’. The
rows of X are morphological segments of verbal forms
which are defined on the basis of columns of X, specify-
ing contextual (morphological) information. The number
of the columns in the matrix X is defined by the longest
word of the corpus. A binary encoding of 30 components
is used to orthogonally represent each segment in X.

5.2. Model design

Figure 2 illustrates the adaptation of the generative model
in (1) for our purposes. Matrix X is meant as a linear com-
bination of linguistically-motivated features S according
to the values of a mixing matrix A.

Our attention will be focused just on A. Each column
in A corresponds to one single feature that contributes,
multiplied by S, to reconstructing X, i.e. the input mor-
phological segments. In this view, all the rows of the mix-
ing matrix A compose a N-dimensional3 vector represen-
tation for each morphological segments.

2See [24] for ICA applied to binary data.
3For reasons of computational performance, we reduce the matrix X

Figure 2. The ICA model adopted for linguistic (morpho-
logical) features extraction from matrix X using mixing
matrix A and independent components S.

5.3. Results

After ICA application to X, the mixing matrix A is in-
vestigated. The ICA algorithm was applied setting 50 in-
dependent components for the decomposition (1) of the
morphological data matrix, X, thus A = aij where j =
1, . . . , 50 whereas the index i marks the ith morphologi-
cal segment. The results are satisfactory.

Emergent linguistically-motivated features are discov-
ered by the system and defined as markers of morpholog-
ical information. Verbal data are disassembled in different
distributed features matching with linguistically-known cat-
egories. In particular, after a statistical distribution analy-
sis, emergent features correspond to grammatical and para-
digmatic attributes. The first ones provide information on
morphosyntactic aspects as tense, mood, person and num-
ber. Paradigmatic attributes, instead, mark the paradig-
matic family with which the verb (and its lexical class)
is related. Inside the corpus, we can distinguish a typol-
ogy of G, grammatical or morphosyntact features, and of
P attributes, paradigmatic information features. Verbs of
the same grammatical classes, share the same G-type at-
tributes. On the contrary, verbs of the same paradigmatic
classes have P-type attributes in common. Due to the large
corpus, we present a limited number of example of fea-
tures extraction. Figure 3 reports the results for four G-
type attributes recognizable as morphosyntactic features.

We plotted the segments (one segment for each ver-
bal form) that maximize the selected component. In other
terms, about 1500 verbal segments are plotted against dif-
ferent dimensions (among the 50 dimensions) of the mix-
ing matrix A. The segments are expressed as cross-markers.
Thus, the y-axis defines the value of one selected fea-
ture for the word segments and the x-axis indicates the
number of the word segments. Circled crosses define the
verb segments belonging to a particular grammatical cat-
egory, i.e. defined by morphosyntactic attributes. It may
easily be noted that high values of y-axis (selected com-
ponent) mostly refer to segments that are grammatically
marked. The 10th component of A is significant for a
morphosyntactic attribute like FIRST PERSON PLURAL,
whereas the IMPERFECT INDICATIVE4 is marked by 5th
component of A. The ICA algorithm individuates hid-

to 50 components by using Principal Component Analysis. This reduc-
tion is a procedure of the FastICA algorithm we have used [18].

4The Imperfect tense describes a situation in the past, namely an
event which was ongoing or repeated. In English it is often expressed
by past continuos tense.



den representations of (statistically) implicit structure in
the input X matching plausibly grammatically-based at-
tributes. Paradigmatic attributes (P-type) examples are
displayed in Figure 4. Squared-crosses indicates verb seg-
ments paradigmatically-related to the same reference lex-
eme. Inflected forms of the paradigmatic structure DEFI-
NIRE ‘define’ (squared-cross markers) are marked out for
high weights of the 41st component of A. The 48th com-
ponent, instead, specify the verbal forms of the paradigm
AMARE ‘love’.

5.3.1. Distributed representations

The features (or attributes) extracted by ICA algorithm
can be assumed as N-dimensional representations mark-
ing morphological information. In this sense we say that
they provide emergent distributed and non-discrete rep-
resentations of verbal data. In such distributed represen-
tation each form is represented by vectors of attributes,
i.e. the independent components, that cluster morpholog-
ical data by means of fragmented (latent) linguistic in-
formation and not by single-valued discrete variables (as
the ‘morphemic representation’). The emergent attributes
can account for morphological similarity and, at the same
time, determine degrees of linguistic category member-
ship: the degree of membership of category, for a verb, is
specified by the its number of features specifying the cat-
egories (in our terms, grammatical and paradigmatic cate-
gories). See Figure 5 for an illustration of the distributed
morphological representations of verbal forms. A more
detailed analysis of the number of features that determine
category membership is likely to highlight micro-classes
of prototypical morphological stem patterns, ‘islands of
reliability’ [25], that are high productive in selecting spe-
cific subregular suffixes.

In an associative framework [2], the G and P-type fea-
tures can be arranged in one grid of an associative model
in which morphosyntactic and paradigmatic information
are related to each other, in order to guarantee the effi-
cient processing for retrieval, interpretation and productiv-
ity of new verbal forms. In our framework, an associative
network of morphological processing can be designed by
‘setting in rows’ the decomposed morphological segments
to reconstruct the order of segments for each verb.

Four verbal forms, picked up from the corpus, are pre-
sented in Figure 5. The same morphosyntactic attributes
are shared by the forms belonging to the same grammat-
ical classes. The attributes in common for dicevo ‘I was
saying’ and camminavo ‘I was walking’ are defined by
G(12), G(21), G(14), G(22), G(6), G(5), G(17) and
G(37). These G-type attributes plausibly specify the class
1 SINGULAR IMPERFERCT INDICATIVE. Other gramma-
tical classes, defined by G(19), G(9), G(8), G(18) and
G(4), are traced in the representations of dicevate ‘You
were saying’ and camminate ‘You walk’, both as 2nd per-
son plural. These emergent features are likely to mark
the class 2nd PLURAL. An interesting aspect is given by
the features G(12), G(14) and G(5) that are shared by
camminavo, dicevo and dicevate ‘You were saying’. The
grammatical class IMPERFECT INDICATIVE can be expli-

cated by these common components. Paradigmatic rela-
tions are also expressed in our associative network. In
Figure 5, verbal forms of the same paradigmatic structure
as camminavo and camminate (or dicevo and dicevate) are
marked by P-type attributes indicating paradigmatic rela-
tions among the verbs of same paradigmatic family. A
frequency sensitivity is also exhibited by the system. To
test this evidence a new decomposition by ICA was imple-
mented by sampling the corpus verbal forms according to
their probability densities in a free context corpus of 5000
words. High-frequency forms effects are accounted for by
means of the number and of the weight (i.e. the ‘intensity
value’) of the features discovered. The number of gram-
matical features, extracted by ICA algorithm, seems to be
incrementally related to the frequency of the grammatical
forms. High-frequency of forms belonging to grammati-
cal classes (as the IMPERFECT INDICATIVE) are defined
by features (for G-type features), whose number increases
until an equilibrium point is reached. This is because the
features grain the verb until they reach a critical point of
stabilization.

This descriptive compromise regards the whole set of
features (G and P-type) and it is yielded by the ratio be-
tween the number of features and the data they have to
represent. Another interesting aspect of frequency role is
given from tokens frequently attested in the corpus. The
weights of the features, i.e. the independent components,
have a higher prominence for frequent verb forms, com-
pared with the normal average that is calculated in fre-
quency normalized conditions.

6. FUTURE DIRECTIONS

We have reported an application of the ICA algorithm
to Italian verb system. The goal of the experiment was
to obtain an extraction, in an unsupervised fashion, of
linguistically-motivated features from orthographically en-
coded input data. Our final results look promising. Un-
derlying grammatical and paradigmatic information fea-
tures are detected by the system and considered as inde-
pendent components of the verb corpus. The emergent
features provide also a distributed representation of the
morphological data. The distributed representations of
morphological information can be interpreted as a low-
dimensional reduction process of morphological data that
drives a possible order in the mental lexicon. Due to ‘win-
dowing’ encoding of the input data, the decomposition of
ICA is applied to the full-form without alignment’s adjust-
ments. In our opinion this aspect sounds interesting, since
micro-class paradigmatic relations, crucial for morphol-
ogy learning, can be investigated in detail [25]. The de-
composition processing can be also guided by frequency
effects. Token and class token frequency specify respec-
tively the intensity value and the total number of the dis-
covered features.

Different future modifications are desirable:

• Adopting a morphonological encoding for input data.
Orthography level is biased from a psycholinguistic
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Figure 3. Plotting of the segments, one for each corpus verbal form, maximizing the selected component. Examples of
G-type attributes, 10th, 5th, 45th, and 23rd component of A. High values of these components in y-axis specify quite
clearly the belonging of the verb segments (cross markers) to different grammatical classes (circled-cross markers), in
terms of morphosyntactic attributes (as IMPERFECT INDICATIVE).

point of view. More phonologically-inspired input
representations need to be considered.

• Increasing the number of independent components
for the extraction of features. We surmise that a
deeper specification of features should provide for
more grained morphological representations.

• Obtaining a fixed N-dimensional vector representa-
tion of features for each verbal forms by overlap-
ping the distributed representations of morpholog-
ical verbal segments. For this purpose, aspects of
descriptive economy have to be analyzed in detail to
highlight the critical compromise between the fea-
tures’ number and the data they have to represent.
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